It is very important to understand urban mobility patterns because most trips are concentrated in urban areas. In the paper, a new model is proposed to model collective human mobility in urban areas. The model can be applied to predict individual flows not only in intra-city but also in countries or a larger range. Based on the model, it can be concluded that the exponential law of distance distribution is attributed to decreasing exponentially of average density of human travel demands. Since the distribution of human travel demands only depends on urban planning, population distribution, regional functions and so on, it illustrates that these inherent properties of cities are impetus to drive collective human movements. *
flux of individual between location i (with population P i ) and location j (with population P j ) and d ij is the distance between the two locations, a general gravity law [21] can be represented by
where K, α and β are tunable parameters and f (d ij ) is often selected as a power or exponential function of d ij . Especially, the gravity model with α = β = 1 can be derived from entropy maximization [27] . Despite the prevailing gravity model, it still has some disadvantages [21] . Particularly, the gravity model is incompetent to explain the discrepancy of the numbers of individual flows in both directions between a pair of locations. Consequently, Simini et al. [21] put forward the radiation model without parameters:
T ij = T i P i P j (P i + P ij )(P i + P j + P ij ) (2) where T ij is the expected flux from i to j, T i is the number of trips started from i and P ij is total population of locations (except i and j) from which to i the distance is less than or equal to d ij . The model can predict population movement between cities or countries successfully, but it is not clear whether the model applies to intra-urban movement as well.
Therefore, by exploring human travels by taxis in Beijing, it is aimed to figure out the answers to the following questions in the paper:
• Whether can the radiation model predict intra-urban human flows? If not, how to model human mobility in urban areas.
• What is the origin of the exponential law in intra-urban human mobility? Why do the distributions of travel distances in urban areas disagree with the ones at a larger scale? What is the inherent impetus to drive collective human movement?
I. EMPIRICAL ANALYSIS OF TAXIS' GPS DATA A. Data description
Here, we use the taxis' GPS data generated by over 10000 taxis in Beijing, China, during three months ended on Dec. 31st, 2010 [16] . From taxis' locations and statuses of occupation (with passengers or without passengers), trajectories of passengers can be observed. In order to study intra-urban human mobility patterns, a total of 12009383 individuals' tracks were collected which occurred inside the 6th Ring Road of Beijing.
For the purpose of investigating individual flows between regions in urban areas, the urban area in a map can be divided into discrete grid-like cells of size s × s (selection of s will be described below). The number of cells is N and the Euclidean distance between the centers of cell i and j is defined as d ij . Therefore, pick-up points (origins) and drop-off points (destinations) of trajectories can be simplified to cells which they lie in. As illustrated in Fig. 1 shows an individual trajectory from cell i to j, which can be denoted by the tuple (i, j, t O , t D ). And the distance d ij between cell i and j is described by the dashed line.
B. Choice of cell size
After dividing the urban areas into lattices, a trip length can be approximated by the distance between centers of cells which the pick-up and drop-off points lie in. In fact, it can be imagined that the location errors will become more and more large with increasing the cell size. At the same time, too small cell size is also undesirable because it would not reflect the regular mobility patterns between different regions obviously and increase computing costs.
Therefore, it is important to choose an appropriate cell size to model urban mobility better.
As shown in Fig. 2a , when cell size is larger than 0.01 degree, there is some deviation from the real distribution of trip displacements. So the cell size s is determined as 0.01 degree in the following paper.
For the cell size s is 0.01 • , the probability distribution of approximated distances is plotted in Fig. 2b . Bescause the fraction of trips whose distances are less than 20km can reach nearly 98%, the curve can be fitted very well by an exponential function y = Ce −λx with parameter λ = 0.230. • .
C. Geographic distributions of origins and destinations
Considering pick-up and drop-off points of human trajectories respectively, the probability density distributions of them for three different months are obtained by Gaussian kernel density estimation (GKDE) method, which are visualized in Fig. 3 . From the figure, it can be seen that density maps of origins/destinations for the three months have similar hot spots and these hot spots, such as Zhongguancun, Xidan, Beijing West Railway Station and so on, accord with our intuition very well.
In order to quantify the similarities among geographic distributions of origins and destinations for the three months, we assign the probability for each cell as the fraction of origins/destinations falling into the grid cell. Actually, the probability distribution defined reflect spatial distribution patterns of human traveling intensity directly. After calculating the discrete probability distributions of origins/destinations for the three months, the similarity between distributions can be measured by a cosine value. To be specific, assuming two discrete probability distributions {p i } and {q i } (i = 1, . . . , N ), the similarity Sim cos between them is defined by
So, the similarity is assigned to a value between 0 and 1. The nearer the value approaches one, the more similar the two distributions are. The similarities between all distributions of origins/destinations for the three months are shown in gers by taxis [29] or cellphone users [23] . In fact, because geographic distribution of origins/destinations is influenced by demands for mobility, these all demonstrate that the distribution patterns of traveling demands or intensity are mainly related to inherent properties of the city, such as urban planning, regional functions, population density and so on, rather than means of transport.
II. MODELING INTRA-URBAN HUMAN MOBILITY
In the section, it is aimed to explore urban flows using tracks of passengers by taxis.
Because the urban area has been divided into grid cells, we try to model and predict traffic flows between these grid cells.
A. Radiation model
Recently, the radiation model [21] , which is parameter-free and only requires information of population distribution, was proposed to characterize mobility patterns between cities or countries. It overcomes some shortcomings of the gravity model and predicts traffic flows more precisely. So it is wished to verify whether the radiation model can be utilized to simulate collective human travel in urban areas of the city. But in urban areas, it is difficult to obtain population distribution directly because of high mobility of people. Instead we use the distribution of destinations in the simulation. It is more reasonable because the number of destinations in a grid cell describes human travel intensity in the region. The results of simulation by the radiation model is shown in Fig. 5 . From the figure, it seems that the predicted flux has a large deviation from the actual ones and the model underestimates the probability of trips with distances larger than 1km. There are two possible reasons: one is that the destinations distribution may have some bias with actual population distribution; the other is that, unlike trips between countries or cities, the population distribution may be only one of factors to influence human movement because people often move frequently for various purposes in urban areas. Therefore, it is necessary to consider a new model to understand intra-urban human mobility patterns.
B. Our model
As for trips occurred during a period of time, it can be calculated that how many of them had left from or arrived at each cell. So the probability that people leave from/arrive at each cell is defined as follows
# of trips leaving from the cell i # of trips ,
Actually, P O and P D correspond to the distributions of origins and destinations separately.
As demonstrated in subsection I C, it must be noted that P O and P D only depend on population distribution, urban planning (land-use and transportation planning) and other environmental factors. The cells having large P O or P D often lie in prosperous commercial/entertainment regions, developed residential areas, transport hubs and so on.
Intuitively, the probability of a trip's occurrence has positive correlations with P O of origin cell and P D of destination cell, but has a negative correlation with the Euclidean distance between the two cells. Hence, in our model the probability of a trip reaching cell j, conditioned on starting from cell i, is defined as follows
where f (d) is a function of distance between cells. In the paper, two frequently used forms of f (d) are given by
where σ and λ are parameters whose values rely on the specific system and reflect the effect of distance on human travel. So the happening probability of a trip from cell i to j can be derived as
And the expected number of trips from cell i to j can be obtained
where
and T is the total number of trips.
Note that it can be concluded that P O ≈ P D because the cosine similarity between distributions of origins and destinations is greater than 0.95 in taxis dataset. Furthermore, when considering human travel during a long time, it is reasonable to assume P O = P D due to round-trip patterns in urban areas. As described in the gravity model, the number of trips from cell i to j is equal with the one from cell j to i. However, that is not the case in our model because the values of M (i) and M (j) depend on locations of i and j respectively, which are often not equal to each other. Therefore, it is more consistent with our intuition. large scale? Here, the dataset of US commuting is used, which described US commuting between United States countries in 2000 [21] . As for our model, P O and P D shown in formula As a result, it is concluded that our model is very flexible and can simulate human movement not only in urban areas but also in countries.
III. ANALYSIS OF DISTANCE DISTRIBUTIONS
In our model, P O and P D , corresponding to distributions of origins and destinations, are probabilities of individuals' leaving from and arriving at cells. For a whole day or longer time, both are almost equal and only depend on inherent properties of the city. So it is assumed that
where P (·) reflects human travel demands in grid cell regions.
Supporting the probability P (·) is uniform, the trips are simulated based on our model with two different values of σ respectively (1.6, 2.4). As shown in Fig. 8 , it can be seen that the distance distributions of trips in the two simulations accord to power-law with exponential cutoff very well. Actually, the exponential decay in the tail is caused by the geographic Then, considering the probability distribution of P (·) is the same as the actual one in Beijing, we only rearrange the probability values of grid cells randomly. As shown in Fig.   9a , the travels simulated on grid cells with randomized permuting probability values accord with power-laws in the heads and decay more slowly, compared with ones simulated on grid cells with actual travel demands. And in Fig. 9b , the two simulations based on actual travel demands reflected by taxis dataset and Sina Weibo dataset are shown respectively.
It is illustrated that both distributions have similar trends in the head, but the tail of trips reflected by taxis dataset decreases more sharply. It is reasonable because, as described before, both geographic distributions of travel demands are similar near urban centers and the urban planning of Beijing expands during the two years.
In conclusion, it suggests that not only the probability distribution of human travel demands, but also the layout of them is the fundamental element to account for collective human travel and determine the distribution of trip lengths. And they only depend on urban planning, population distribution and other properties of the city directly. As illustrated above, it is no coincidence that exponential law is discovered in urban areas of cities. Then it is aimed to explore the origin of exponential law emerged in urban areas.
Considering five hot spots regions in urban areas: Beijing West Railway Station (BWRS), Xizhimen, Beijing South Railway Station (BSRS), Sanlitun and Zhongguancun, the average densities of destinations or geo-tagged posts' locations with distance from these regions are plotted in Fig. 10 . From the Fig. 10a , the average densities for the five hot spots have similar trends and decay exponentially, in which the exponent of exponential is -0.256 and is not far from the value -0.230 observed from distance distribution shown in Fig. 2b . Also in Fig. 10b , the densities can be fitted by an exponential with exponent -0.231 when distances lie between 10km and 20km and then decay more quickly. It is worth mentioning that these findings seem like Clark's [5] who first use the negative exponential function to describe urban population density. These illustrate that the distributions of destinations and geotagged posts' locations are very similar near centers of the city and these distributions may account for the exponential law in urban areas of cities.
Therefore, assuming the density distributions are described by negative exponential functions for different exponents λ, we simulate human travels based on our model with the parameter σ = 1.601. As shown in Fig. 11 , different exponential exponents λ about 0.25, 
IV. CONCLUSIONS AND FUTURE WORK
In our daily life, most human activities, especially movements, are concentrated in urban areas of cities. So it is very important to understand intra-city mobility patterns. In the paper, we aim to study human mobility patterns in urban areas through taxis dataset in Finally, based on our model, it can be found that the distribution of trip distances depends on geographic distribution of human travel demands, which is inherent nature of the city.
Meanwhile, it is observed that average human movement intensities decay exponentially with distance from hotspots. It can explain the origin of exponential law discovered in actual trip length distribution.
However, it must be emphasized that intra-urban mobility considered here occurred during a period of long time. In fact, the traffic flows between regions in urban areas is varied with the time of a day, which show strong periodic fluctuations. So in future, we will focus on the temporal characteristics of intra-urban individual flows to predict human mobility more precisely. D )|r = 1, . . . , n}, where n is the number of trips. Supposing these trips are independent of each other, so the log probability of T r can be calculated as follows log P (T r) = log
Here, the Nelder-Mead simplex algorithm [17] is used to find the minimum of − log P (T r)
and evaluate the parameter σ or λ in the function f (d) numerically. where r is the distance from the center O and R is the size of a city. By using our model, we can estimate the displacement distribution of human movement as follows:
Considering continuity of density distribution, it can also be written by As a result,
